by that means evaluate the possible paths of the Amazon's evolution and its ecological implications.
The aim of this article is to model the spatial transition probabilities of Amazonian dynamics. We postulate that spatial variables selected on the basis of our current knowledge of Amazonian dynamics can indicate where changes may occur in the landscape. The chosen methodology applies logistic regression to the selected variables, obtained mainly from 
TRANSITION PROBABILITY MAPS INDICATE WHERE CHANGES MAY OCCUR IN THE LANDSCAPE, THUS ENABLING BETTER EVALUATION OF THE ECOLOGICAL CON-SEQUENCES OF LANDSCAPE EVOLUTION
remotely sensed observations, to test their influence and combined effects on landscape changes. The product is a set of spatial probability maps that depict areas most favorable for each type of change. These maps represent a step toward the discretization of landscape change models into subareas; they are therefore part of dynamic models, capable of simulating the evolution of spatial phenomena such as landscape changes (Turner 1987 , Flamm and Turner 1994 , Mertens and Lambin 2000 , Soares-Filho et. al. 2001 . Consequently, simulation models can be used to test hypotheses about landscape evolution under several scenarios and thereby evaluate future ecological consequences, such as the expected impacts of the Avança Brasil program (Nepstad et al. 2000 , Carvalho et al. 2001b , Laurance et al. 2001 ).
The study area
Northern Mato Grosso, Brazil, was selected as the study area because of its important biodiversity (Carvalho et al. 2001b) and its location within the critical arc of the Amazon deforestation (MCT 1998) . Located between 9°30′S, 54°00′W and 10°45′S, 55°30′W, this area is on the southern Amazon border and encompasses six counties: Terra Nova, Nova Guarita, Peixoto de Azevedo, Matupá, Guarantã do Norte, and Novo Mundo (Figure 1) .
The widespread occupation of this region started in the mid-1970s with the opening of the Cuiabá-Santarém road, named BR-163. As soon as road construction began, the region was invaded by hosts of colonists who settled along the marginal area of the road. Concurrently, as part of a large farming project carried out by the Cachimbo Company, large tracts of forest were being cleared for pastures. In the late 1970s, the occupation of this region began evolving on an even greater scale with the installation of several private and government colonization projects put into operation mainly by colonists from rural cooperatives in southern Brazil.
Then gold was discovered in the alluvial deposits of Peixoto de Azevedo River, which crosses the region from east to west. The search for gold brought an enormous influx of people to the region, resulting in a unique situation: Colonists abandoned their fields to join the traditional pan miners (known in Brazil as garimpeiros), who came from the north and northeast of Brazil (Sawyer and Singer 1996) . The mining claims, called garimpos, were located close to or even inside the colonists' properties. The decline of the gold rush, which started in 1991-1992, prompted the colonists to return to their lands and others to leave the mining areas. The pressure for landholding grew, resulting in an exodus to other Amazonian regions.
Today, northern Mato Grosso represents a key area for understanding the changes that are taking place in the Amazon. Its location on the southern Amazonian border places it near dense population centers and halfway between soya bean plantations in central Brazil and international Amazonian ports. These regions are connected via BR-163, which has begun to be paved. Of equal note is that its highly flammable forests make northern Mato Grosso very susceptible to rampant deforestation, especially as ignition sources multiply .
Two subareas that correspond to colonization projects were selected for landscape change analyses: Terra Nova (140,870 ha) and Guarantã (127,480 ha). The major difference between the two subareas is their age at colonization; the Terra Nova colonization project began four or five years before that of Guarantã (Figure 1 ).
Methodology to obtain the spatial transition probability models
The numerous land-use and cover classes and paths of change in the study area can be simplified into four states or landscape elements and six transitions (Figure 2 ). Justifying this simplification is the fact that most deforested land in the study region is occupied by pastures in several stages of use and abandonment. Furthermore, cropland in the study area is mostly a temporary stage in the forest-to-pasture conversion process. Other land uses, such as urban and roads, are incorporated in the regression analysis as independent variables. Gold pan mines were not included in this study because they are not considered to be a permanent land use.
The conceptual model of landscape change shown in Fig (1)
This represents a distributional model (Baker 1989) , in which tfd, tdr, and trd are, respectively, the annual rates of deforestation, land abandonment, and regrowth clearance. As the rates change across time, two matrices were adopted, one for each phase selected for the change analyses : 1986-1991 and 1991-1994 . χ corresponds to the initial and final vectors of the proportions of the landscape elements: deforestation, regrowth, and forest.
This model does not need to include regrowth to secondary forest and secondary forest to mature forest, because both of these transitions can be considered deterministic, based solely on the sojourn time of the vegetation succession. As a result, the transition matrix can be reduced to nine elements, of which only six occur in reality. Thus, in each time step this distributional model sets the number of specified transitions, which still need to be located across the landscape using a mosaic type model in which each cell has its own change submodel (Baker 1989) .
This submodel gives the probability of a cell at location x,y changing its state, depending on the influence of spatial variables. Thus, in this submodel, a landscape cell change during a certain period can be considered a binary outcome, conditional on its initial state and its Pij(x,y), which is the probability that a cell at a position (x,y) will change from state i to state j. The dependence of the spatial transition probabilities Pij(x,y) on each spatial variable, Vn, x, and y, is estimated by simultaneous solution of the logistic model: which implies that As this analysis focuses on the transitions between the states rather than their frequencies, these regressions model whether a cell is successful in changing to another state; if so, y = 1 or y = 0 (Figure 3 ). For each selected subarea, five logistic regression models were produced, two for the 1986-1991 period and three for the 1991-1994 period, to verify whether the model structures are stable with respect to the two subareas and periods of analysis.
To minimize the number of spatial variables in the model, we worked backward. The initial model included all variables and excluded the least significant variable at each step. Significance was based on the Wald chi-square test and the G statistic (Hosmer and Lemeshow 1989) . The model is accepted when all independent variables are significant at the 0.05 level and the loss of the G statistic remains lower than 5%. The model was subsequently tested for goodness-of-fit using the Pearson chi-square, deviance, and Hosmer-Lemeshow methods (Hosmer and Lemeshow 1989) .
Selection of spatial variables for the transition probability models
The selection of spatial variables (Vn) for the landscape change analyses is guided by the way the colonists convert the forest and cultivate their land, together with the knowledge of the ecological processes that take place after the land has been abandoned.
Roads are considered the most robust predictor of deforestation (Kaimowitz and Angelsen 1998) . As mentioned by Alves (forthcoming) and Nepstad et al. (2001) , most deforestation in the Amazon is concentrated within 50 km of main roads and close to pioneer development centers. Thus, distances to main roads and to urban centers affect the colonists' choice of rural plots, as their economic success depends on the cost of delivering their agricultural production. These effects are represented by two variables, distance to main roads and urban attract factor, the latter of which is expressed in the form of inverse weighted urban distance. Distance to the secondary road is used to assess which areas will become deforested, as the deforestation fringe generally advances from the roads toward the back of the rural lots. Distance to the previously deforested land is included, because new deforestation tends to occur close to previously deforested land as a result of expansion of the earlier deforested area or interaction with neighboring colonists. The generally poor quality of Amazonian soils is an important limitation on agriculture, because the colonists often lack the resources and technology necessary to deal with this constraint. Consequently, a soil map is included in the change analyses. A vegetation map is also included to test whether the type of vegetation has an influence on the selection of the agricultural plots (vegetation could be indicative of soil quality, or colonists might consider using timber as an initial source of income). Shmink and Wood (1992) claim that the need for rapid occupation, inadequate knowledge of the Amazon region, lack of ecological consciousness, and erroneous crop selection provided few stimuli for the colonists and farmers to engage in sustainable practices, such as preservation of the marginal river forests and selective deforestation, based on topography and soil fertility. Such behavior is evaluated through incorporation of the variables altitude, slope, soil, and distance to river.
For the ecological processes of forest recovery, the main variables selected are distance to forest, distance to regrowth, and distance to previously deforested land. Distance to forest is a major factor for the regeneration process, considering that its main mechanism is represented by the dispersal of seeds by birds and bats and other small mammals (Uhl et al. 1988a) . Indeed, this factor is crucial because most of these vectors cannot disperse seeds beyond a certain distance from the forest. Thus, the probability of a deforested site becoming a secondary forest can be estimated when ecological barriers and rates of survival and growth of forest species (especially those disseminated from the nearby forest) are known (Nepstad et al. 1991) . Nevertheless, the regeneration process can be stopped or disturbed in several ways, as a consequence of pasture maintenance practices and forest fire. Several researchers (e.g., Buschbacher et al. 1987 , Uhl et al. 1988a , Nepstad et al. 1991 agree that fire is the major agent against the succession of vegetation. The surrounding deforested land (measured as distance to previously deforested land) has an influence on the spread of disturbance across the regrowth patches. In the absence of disturbance, regeneration proceeds, forming small patches that tend to merge to become a secondary forest. Thus, the success of a site's regeneration depends also on the distance to nearby patches of regrowth. Uhl and colleagues (1988a) and Alencar and colleagues (1996) observe that the abandonment of agriculture and pastures is more frequent on the slopes than in the valleys because colonists tend to occupy the best land. Their observations can be tested by including the variables altitude, slope, and distance to river.
Contrary to the traditional practices of itinerant agriculture, the colonists prefer to clear secondary forests, generally less than 15 years old (Alencar et al. 1996) . In addition, forest regeneration is slower at sites that were used intensely before abandonment (Uhl et al. 1988a (Uhl et al. , 1988b , thus justifying the inclusion of the variable sojourn time in the landscape change analysis. In contrast to the deforestation process, the probability of regeneration of an abandoned site is likely to be influenced by distance to secondary road, inverse weighted urban distance, and distance to main road. The influence of soil type on the abandonment of cultivated areas as well as on the success of regeneration must also be tested.
In summary, the variables selected for the three transition probability models were distance to forest, distance to regrowth, distance to deforested land, soil, vegetation, altitude, slope, inverse weighted urban distance, distance to main road, distance to secondary road, sojourn time, and distance to river (Table 1) .
Data processing
Three Landsat Thematic Mapper (TM) image sets-for June 1986; June 1991, the most intensive phase of the garimpo; and May 1994, concomitant with the fieldwork-were selected to characterize distinct phases of the landscape dynamics. To produce the required data, land-use and cover maps for 1986, 1991, and 1994 were obtained from digital processing of satellite images. The methodology consisted of a using hybrid algorithm that combines maximum likelihood classification, calibrated with field training samples, with a deforestation mask obtained by setting interactively a cutoff threshold on bands TM4 and TM7 (Soares-Filho 1998). Land-use and cover classes identified were forest, deforestation, regrowth, water, urban, road, and mines. The three latter classes were mapped based on visual interpretation. Road mapping was aided by GPS (global positioning system) survey. Sojourn time was derived from the multitemporal land-use and cover maps. The vegetation map was produced by fieldwork and visual interpretation of an RGB (red, green, blue) color composite of normalized difference vegetation index and the greenness and brightness components generated by tasseled cap transformation (a method for enhancing Landsat TM data) (Crist and Ciconne 1984) .Vegetation types were grouped into three classes-alluvial forest, dense savanna and transitional forest, and rain forest-based on their logging potential ( Table 1) .
The topography and drainage network were digitized from topographic sheets at a scale of 1:100,000. Soil types were reinterpreted from the RadamBrasil map of soils, at 1:1,000,000 (MME 1980) , based on satellite images and field data. Soil types were grouped into three types, unfertile, low fertile, and fertile (Table 1) .
All data were converted to a raster format at 100 m and sampled for statistical analysis using a grid spaced 400 x 400 m. Map algebra was used to transform the original cartographic data into the final variables (Figure 3) . A digital terrain model was generated from topographic data and subsequently used to furnish the slope map. The required distance maps were derived from the original raster layers using an algorithm that calculates the Euclidean distance from each null cell (a cell not belonging to the current category) to the nearest frontier cell. The inverse weighted urban distance was generated by a gravitational model, expressed as where Ix,y is the inverse weighted urban distance, n is the cell index, m is the total amount of urban cells, and d n is the Euclidean distance to each urban cell A n .
Results
Guarantã models. For the Guarantã subarea, the final deforestation model for 1986-1991 included vegetation, distance to previously deforested land, inverse weighted urban distance, distance to secondary road, and distance to river ( Table 2 ). The probability of deforestation was greater in rain and transitional forests and dense savanna than in alluvial forest. The probability of deforestation increased with inverse weighted urban distance and decreased with distances to previously deforested land, secondary road, and river. The final deforestation model for 1991-1994 included vegetation, distance to previously deforested land, inverse weighted urban distance, altitude, and distance to regrowth. The first three of these variables 
showed effects similar to those for the 1986-1991 model, and higher altitudes and longer distances to regrowth decreased the probability of deforestation (Figure 3) . For land abandonment, the final 1986-1991 model included soil, altitude, inverse weighted urban distance, distance to main road, and distance to forest. The probability of abandonment increased with unfertile soil, altitude, distance from urban centers, distance to main road, and proximity to forest. The final model for 1991-1994 included altitude, slope, distance to previous forest, and distance to main road. In this model, steeper slopes increased the probability of abandonment, and altitude and distance to forest showed effects similar to those for the 1986-1991 model. The regrowth clearance model for 1991-1994 included only distance to secondary road, with a negative effect.
Terra Nova models. The five models were fitted again, using the data of the Terra Nova subarea (Table 3) . For this subarea, the two deforestation models include the following variables: For 1986-1991, vegetation, distance to main road, distance to secondary road, distance to river, and distance to previously deforested land; for 1991-1994, vegetation, soil, inverse weighted urban distance, distance to main road, distance to secondary road, and distance to previously deforested land.
In both cases the resulting models are quite similar, showing that probabilities of deforestation increase as a function of the occurrence of rain and transitional forests, dense savanna, proximity of main and secondary roads, and previously deforested land.
For land abandonment, the 1986-1991 model comprises the variables soil, inverse weighted urban distance, distance to main road, distance to forest, and distance to river. In this case, unfertile soil, distance to main road, and distance to river increase the probabilities of land abandonment; proximity to urban center and longer distances to forest decrease the probabilities of land abandonment. The model for 1991-1994 involves the variables vegetation, altitude, slope, inverse weighted urban distance, distance to river, distance to regrowth, and distance to forest. The deforested land with higher probabilities of abandonment consists of transitional forest and dense savanna; it is located at higher altitudes and on steeper slopes, far from urban centers and closer to rivers, forests, and previous regrowth.
The 1991-1994 regrowth clearance model includes the variables altitude, distance to river, and distance to forest. The most important variables for this model are altitude, which negatively affects the probabilities of regrowth clearance, and distance to forest, which is positively correlated to the probabilities of regrowth clearance.
Discussion
One conclusion drawn from the results concerns the dependence of the statistical fitted models on the universe of data: A change in the area encompassing the data leads to the inclusion or the exclusion of some variables. This may be attributable to the heterogeneity of the areas and to the fact that spatial phenomena of change occur in an incomplete way across the landscape. In other words, deforestation, as a diffusion process, may affect some areas possessing some particular characteristic, as a vegetation type, before it can reach areas with different characteristics. Thus, a specific landscape condition may not be present at time t; rather, it may be available for analysis only at time t + n; for this reason, the 1991-1994 models can be considered more complete than the 1986-1991 model.
Sojourn time was included as a variable in the initial models of land abandonment, as land abandonment depends on the time and intensity with which the site was previously used (Uhl et al. 1988a (Uhl et al. , 1988b . However, this variable was not statistically significant in any of the final models, possibly because only two time periods were analyzed. Nevertheless, the negative effect of distance to main road in the land abandonment models for the Guarantã subarea can be explained by the fact that the regions closer to the main roads were deforested at an earlier stage, thus having a longer sojourn time, which could have served to increase their probability of abandonment.
The application of parametric statistical techniques to spatial data is limited, however, by the intrinsic autocorrelation of those data. Several methods have been developed to account for the autocorrelation effect in statistical parametric models-see Lowell (1991) , for example-but none of these methods has been proven to be totally efficient (Kaimowitz and Angelsen 1998) . Nonetheless, although the autocorrelation effect could not be determined, the final models of this analysis are significant statistically and explain the landscape changes along Amazonian colonization frontier. Moreover, although the models differed for the two periods analyzed, the similarity of results for the two subareas is notable. Table 4 shows the major factors that influence the colonists' choices in occupying and cultivating Amazonian land. A deforestation process will be strongly influenced by the proximity of previously deforested land, secondary and main roads, and urban centers. The deforested land tends to occupy the lowest and flattest lands, except for the floodplains covered by the alluvial forest. Some time after the deforestation, some sites will eventually be abandoned, initiating a regeneration process. The abandoned sites will be concentrated close to the forest fringe, in higher altitudes, on steeper slopes, and far from the front of the rural lots. Field observations corroborate this assertion, showing that the colonists tend to take better care of the land close to their homes and to abandon more distant areas. Because the forest must be cleared to assure land tenure in Amazon (Fearnside 1985) , many areas not suitable for occupation are indiscriminately deforested. Those areas are often subsequently abandoned and begin regeneration.
Conclusion
The results of this work show that spatial variables extracted from remotely sensed images, together with ancillary cartographic data, are useful for indicating where changes may occur across the landscape, and the spatial probability maps produced by logistic regression equations can be used to point out the areas most favorable for each type of transition. These maps can be used to parameterize landscape change models, thereby providing the basis to develop and operate simulation models. These simulation modes, in turn, can help forecast the fate of the Amazon in light of development plans, such as Avança Brasil, or alternative conservation strategies.
